Abstract: This paper proposes a new methodology for coordinated voltage support in distribution networks with large integration of distributed generation and microgrids. Given the characteristics of the LV networks, it is shown that traditional control strategies using only reactive power control may not be sufficient in order to perform efficient voltage control. Therefore, microgeneration shedding must also be employed, especially in scenarios with extreme microgeneration penetration. An optimisation tool based on a meta-heuristic approach was developed to address the voltage control problem. In addition, neural networks were employed in order to decrease computational time, thus enabling the use of the tool for online operation. The results obtained revealed good performance of this control approach.
Introduction
Electrical distribution networks have been undergoing significant changes in the last few years due to the growth of distributed generation (DG). Nowadays, due to the restructuring process in electrical distribution systems and the implementation of market structures in several European countries, new business opportunities are arising for DG units. Particularly, the connection of these units to the electric power system brings additional control possibilities to the distribution system operator (DSO), and new technical developments enable DG participation in providing ancillary services such as reserves and voltage support [1] .
Usually, DG units are not subject to centralis dispatch and reactive power generation is in most cases restricted by the DSO. Therefore, several changes are required in order to fully profit from the benefits resulting from DG integration, and voltage support emerges as one of the main services to be provided by DG units. This results from the fact that a significant growth of DG penetration will require new operation philosophies in order to exploit reactive power generation capability of DG units, with the objective of optimising network operation, minimising active power losses and maintaining voltage profiles.
Several authors have developed interesting work concerning the impact of DG on voltage control in distribution grids [2 -5] . In [6] , the authors formulate an algorithm for voltage control in distribution grids with DG by solving an optimisation problem, where active power losses are minimised, subject to a set of technical constraints. The control variables to consider are DG reactive power generation, On-line tap changing (OLTC) transformer settings and capacitor bank settings.
One issue that frequently results from high DG penetration is voltage rise problems, especially in weak distribution networks [3, 7] . To overcome this problem, it is necessary to control both active and reactive power of the DG units and/or reduce the voltage at the HV/MV substation [3] .
This voltage rise effect is partly the result of DSO policies based on a 'fit and forget' approach, which also requires DG to operate at a fixed power factor, thus limiting the integration of DG and failing to take full profit of DG ability to mitigate such effects [2, 8] .
In addition, it is expected that a similar phenomenon will take place at the low voltage (LV) side of the distribution system, where microgeneration growth will develop rapidly. The connection of microgeneration to LV networks, creating microgrids, will be playing an important role in future distribution networks. The effects seen at the medium voltage (MV) level may propagate to the LV side with even worse consequences, given the high microgeneration penetration.
To overcome the problems resulting from high DG and microgeneration penetration, an effective control scheme must be developed. Formerly, in conventional systems, voltage control was usually considered as a decentralised control problem. This has mainly to do with the fact that voltage is predominantly a local or regional problem.
However, considering this new operation scenario, a decentralised yet hierarchical voltage control scheme must be envisaged, exploiting communication and control possibilities available for microgrid operation [9] . This paper describes a new tool to be used at the distribution management system (DMS) level in order to manage, in an integrated way, voltage control in MV/LV distribution grids in scenarios characterised by large-scale integration of DG, connected at the MV level, and microgeneration, connected at the LV level.
2 Multi-microgrid system architecture A microgrid comprises an LV feeder with several microsources, storage devices and controllable loads connected on the same feeder [10] . These LV microgrids may be operated in interconnected or in islanded mode (under emergency conditions) and are managed by a microgrid central controller (MGCC) that includes several key functions such as economic management and control functionalities [10, 11] .
The new concept of a multi-microgrid is related to a multilevel structure, existing at the MV distribution level, consisting of LV microgrids and DG units connected on adjacent MV feeders. This concept has been developed within the framework of European project More MicroGrids [12] . Therefore, microgrids, DG units and MV loads under demand side management control can be considered in this network as active cells, for control and management purposes. The technical operation of such a system requires the transposition of the microgrid concept to the MV level, where all these active cells should be controlled by a central autonomous management controller (CAMC) to be installed at the MV bus level of an HV/MV substation. The CAMC will serve as an interface to the DMS and operate under the responsibility of the DSO [9] . This architecture can be seen in Fig. 1 .
Nowadays, the DMS is responsible for the supervision, control and management of the distribution system. In future power systems, in addition to the DMS, there will be new management levels: † The CAMC, to be housed in HV/MV substations, which will accommodate functionalities that are normally assigned to the DMS (or other new functionalities) and will be responsible for interfacing the DMS with lower level controllers. † The MGCC, to be housed in MV/LV substations, which will be responsible for managing the microgrid, including the control of the microsources and responsive loads. Voltage monitoring in each LV grid will be performed using the microgrid communication infrastructure.
Microgrids, together with DG units, will have a significant impact on the electrical distribution system and will enable the participation of these units in providing ancillary services, such as coordinated voltage support.
3 Voltage control in multimicrogrids A hierarchical control system must then be established for voltage control in distribution systems comprising large DG and microgeneration penetration, using communication and control possibilities that will become available in future distribution networks.
The main objective of this voltage control system is to ensure an optimised and coordinated strategy between the several voltage levels in the distribution system, namely MV and LV.
As previously mentioned, in extreme situations where there is significant voltage rise due to massive DG and microgeneration penetration, reactive power control is not sufficient to maintain efficient system operation, especially in LV networks where the X/R index is low. Consider the example system presented in Fig. 2 .
Given the example system presented and considering that, in LV networks, the line resistance is greater than the line reactance (i.e. R . X ), the following expression may be derived from the power flow equations:
where P inj is the active power injected in the MV network, V 2 is the bus voltage at the LV network (microgrid), V 1 is the bus voltage at the MV network, R is the branch resistance and d is the angle between V 1 and V 2 .
According to (1) , it may be seen that in order to be able to inject active power (P inj ) from the LV side (microgrid) to the MV side in resistive networks, voltage should be higher at the LV bus (i.e. V 2 . V 1 ).
It must be stressed that the low X/R ratio applies only to branches in the LV microgrid since, in this work, transformers in grid-connected mode are not modelled in the LV microgrid.
Therefore, high DG and microgeneration penetration will require the development of an effective voltage control scheme based on active and reactive power control since the decoupling between active power and voltage is not valid in LV networks. In the case of LV grids with microgeneration, the possibility of controlling active power injected by microgeneration units has to be envisaged, since this is the most effective way of controling voltage at the LV level under these conditions.
In this paper, a new voltage control procedure is proposed that includes optimising operating conditions by using DG, installed at the MV level, microgrid and OLTC transformer control capabilities. In multi-microgrid systems, it is necessary to address the problem of voltage control at both the MV and the LV levels. To ensure a coordinated operation, a global voltage control algorithm will run at the MV level and the solution obtained will be tested at the LV microgrid level in order to evaluate its feasibility. This approach requires a sequence of global problem solutions and local sub-problem solutions in order to converge to a near-optimum solution.
The voltage control system is designed to be a real-time application that helps the DSO to efficiently manage the distribution network. This proposed functionality comprises a preliminary stage, where several studies are performed offline in order to evaluate the performance of the algorithm given the characteristics of the network and adequately select the parameters for the optimisation problem formulation. Only then, the optimisation tool may be used in real-time operation and made available to the operator.
Mathematical formulation
The voltage control problem for multi-microgrid systems is a non-linear optimisation problem that can be formulated as shown in (2) . min OF(X ) subject to
where OF is the objective function, X is the control variables, V i is the voltage at bus i, V i min , V i max are the minimum and maximum voltage at bus i, S ik is the power flow in branch ik, S ik min , S ik max are the minimum and maximum power flows in branch ik, t i is the transformer tap of or capacitor step position andt i min , t i max are the minimum and maximum tap.
The objective function chosen aims at minimising active power losses and microgeneration shedding and is shown in (3).
where P loss is the active power losses andmG shed is the amount of microgeneration shed.
Active power losses were assessed as a function of the line resistance and the current flowing in each line after a power 
Optimisation algorithm
Given the characteristics of the problem under analysis, with a large dimension and a mixed continuous/integer nature concerning the control variables (possibility of controlling active and reactive generation levels -continuous variables, and transformer taps/capacitor banks -integer variables), a meta-heuristic approach was chosen. The optimisation algorithm used in this work was evolutionary particle swarm optimization (EPSO). This algorithm is a combination of traditional particle swarm intelligence, developed by Kennedy and Eberhardt [13] , and evolutionary strategies, developed by Schwefel [14] , and has been used extensively in optimisation problems for electrical power systems. More details on the algorithm can be found in [15, 16] .
The variables or parameters in EPSO are divided into object parameters (the X variables -control parameters of the problem) and strategic parameters (the weights w). The algorithm considers a set of solutions or alternatives that are called particles. The X variables include all the control variables used in the voltage and reactive power control optimisation problem, as described in Section 3.1. Strategic parameters (w) are used to control the behaviour of the optimisation algorithm. In EPSO, each particle (or solution at a given stage) is defined by its position X i k and velocity v i k for the coordinate position i and particle k.
The general scheme of EPSO is presented next: † Replication -each particle is replicated r times. † Mutation -each particle has its weights w mutated. † Reproduction -each particle generates an offspring according to the particle movement rule. † Evaluation -each offspring has its fitness evaluated. † Selection -the best particles are selected by stochastic tournament.
The particle movement rule is the following: given a particle X i , a new particle X i new can be obtained from (4) .
with
where X i is the position of the particle, v i is the velocity of the particle, w The weights (w Ã ik ) are mutated as shown in (6) . w
where t is the fixed learning parameter and N(0, 1) is the random variable with Gaussian distribution, 0 mean and variance 1.
The global best (b Ã g ) is also mutated as shown in (7). b
where t 0 is the fixed learning parameter.
The control variables used in this work were: † Reactive power from DG sources. † Active power from microgrids by means of microgeneration shedding (assuming that all microsources are curtailed in the same proportion). † Reactive power from microgrids by means of capacitor banks located at the MV/LV transformer substation of each microgrid. † OLTC transformer settings at distribution transformers.
These control variables are used as set-points sent to each device (DG unit, microgrid or OLTC transformer) using the control scheme presented in Fig. 1 . For instance, considering the active power of microgeneration, a set-point is sent to the MGCC indicating that microgeneration should be reduced according to that set-point. This information is then sent to individual microsource controllers (as defined in the control structure presented in [10] ) that receive an individual set-point in order to lower their generation.
In this work, the constraints were dealt with in traditional evolutionary strategies, that is, using a penalty approach.
Artificial neural network
As previously mentioned, the voltage control scheme presented is intended to be used as an online function, made available to the DSO. Therefore, and in order to speed up the control algorithm, an artificial neural network (ANN) able to emulate the behaviour of the LV network (or microgrid) was included. This option enables the use of the meta-heuristic tool employed in real-time operation, reducing the long simulation times that were required in order to calculate consecutive LV power flows. In fact, the ANN is used to provide a steady-state equivalent of the microgrid, avoiding in this way the extension of the load flow analysis to the LV microgrid level. Using the ANN, the computational burden and consequently the computational time have significantly decreased.
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The ANN to be employed has the following inputs: † Voltage at the MV/LV substation. † Active power generated by each microgenerator unit. † Total load of the microgrid.
The two outputs are the active power losses and the maximum voltage inside the microgrid, since one of the most critical problems to be addressed is related with overvoltage problems that may occur. To achieve good performance, different ANN topologies (different number of layers and number of neurons in each hidden layer) were tested. The ANN with the best performance has eight inputs, one hidden layer with 24 neurons and two outputs.
To generate the data set corresponding to the inputs chosen to train the ANN, a large number of power flows were computed, considering different combinations of the inputs (i.e. several values for the voltage reference at the MV/LV substation, for the power generated by each microsource and for the load) in order to calculate the active power losses and assess the voltage profiles in each scenario.
The generated data set contains 11 664 operating points, which were split into a training set and a test set containing 2/3 and 1/3 of the total operating points, respectively. The training set was used for training the ANN and the test set for performance evaluation purposes. The MATLAB Neural Network Toolbox using the Levenberg-Marquart back-propagation algorithm was used to identify the ANN parameters.
The performance obtained can be evaluated in terms of the mean absolute error (MAE). The MAE obtained for one of the outputs (active power losses) was 1.01 Â 10
23
. Despite the simple structure adopted for the ANN, the performance parameters illustrated the quality of the tool for emulating the behaviour of the microgrid.
Nevertheless, in case of microgrid reconfiguration (due to adding of a new microgenerator, for instance), a new ANN must be computed. This means that it is necessary to update the data for the power flow and then generate a new data set and train a new ANN that emulates the LV microgrid steady-state behaviour.
Test case networks and scenarios
To test the voltage control approach developed, two real distribution networks were used: an MV distribution network and an LV distribution network shown in Figs. 3  and 4 , respectively.
The MV network used is a rural network with two distinct areas with different voltage levels: 30 kV at node NO119 and 15 kV after the 30 kV/15 kV transformer at node NO206. It comprises six microgrids (marked as mG in Fig. 3 ), all with a similar topology, and 3 DG units (marked as DG in Fig. 3 ) based on Combined Heat and Power -CHP (NO3 in Fig. 3 ) and wind (NO16 and N061 in Fig. 3 ).
The LV network (microgrid) used is also a rural network with a radial structure. It was considered that all microgrids have the same structure (shown in Fig. 4) . As previously stated, this LV network was used to train the ANN that was included in the optimisation algorithm.
Data on the test networks used in this work are presented in Tables 2 -5. Each microgrid is supposed to comprise six microgenerators, all photovoltaic units (marked as PV in Fig. 4) . The ANN is, however, capable of dealing with different levels of microgeneration penetration, as well as with different locations for the microsources.
In this approach, from the MV point of view, each LV microgrid was considered as a single bus with an equivalent generator (corresponding to the sum of all micro-source generations) and equivalent load (corresponding to the sum of all LV loads).
Typical generation curves for each generating technology (CHP, Wind and PV) were used, as well as typical load curves, for a 24 h period.
The total generation installed capacity for the scenarios used is presented in Table 1 .
The 24 h profile of the total load (a mix of residential and commercial consumers) in the MV network is presented in Fig. 5 . www.ietdl.org www.ietdl.org
Results and discussion
This control algorithm was implemented in the MATLAB environment, using MATPOWER [17] to calculate the power flows and MATLAB Neural Network Toolbox to design the ANN.
The objective function for the optimisation problem aimed at reducing active power losses while maintaining voltage profiles within admissible limits (+5%).
For the optimisation algorithm, a maximum of 100 iterations were used for each hour of the day for a total time horizon of one day. Typical 24 h curves for each generation technology and for the load (considered similar in all load nodes) have been developed for that purpose.
The control variables used are presented in (8) . (8) where P mGi is the active power generated by microgrid i, Q mGi is the reactive power generated by microgrid i, Q DGi is the reactive power generated by DG unit i and t ltap is the tap value in the transformer at node 206.
The main results obtained are presented in the following figures. It can be seen that the voltage values were out of the admissible range of +5% due to the massive penetration of PV-based microgeneration that generated power outside peak demand hours. Fig. 7 shows that the microgrid exports power to the upstream network between 10 and 16 h (sunny hours) and imports in the remaining hours, including during peak load at 21 h. Nevertheless, the voltage control functionality succeeded in bringing the voltages back into the admissible range, either during daytime when voltages were too high or during night-time when voltages were low.
In addition, active power losses (Fig. 8) in the microgrid are reduced since some microgeneration shedding (Fig. 9) was required during the sunniest hours in order to bring voltage profiles back within admissible limits. The high losses in the base case (Initial in Fig. 8 ) are due to the fact that microgeneration penetration was extremely high regarding the local load level and the location of the microgeneration was not ideal.
Concerning the MV network, it may be observed in Fig. 10 that voltage values were inside admissible values, despite the fact that the control algorithm had to raise voltages during night-time in order to be able to also raise voltage within the microgrids (Fig. 6 ). Fig. 11 shows that the MV network losses have increased slightly, which is natural given that the main concern in this network was poor voltage profiles. 
Conclusion
Voltage/VAR control in distribution systems integrating microgrids can be treated as a hierarchical optimisation problem that must be analysed in a coordinated way between LV and MV levels.
Given the characteristics of the LV networks, both active and reactive power control is needed for an efficient voltage control scheme.
An optimisation algorithm based on a meta-heuristic was adopted in order to deal with the voltage/VAR control problem at the MV level. The algorithm has proved to be efficient in achieving the main objective function -voltage profile control and active power losses reduction.
The ANN used to emulate the behaviour of the LV microgrid proved to have good performance, enabling reduction of the computational time considerably. The combination of the meta-heuristic optimisation motor together with an ANN equivalent representation of the microgrid allows the use of this approach for real time under DMS environments. 
